Abstract: Climate change will profoundly affect hydrological processes at various temporal and spatial scales. This study is focused on assessing the alteration of water resources availability and low flows frequencies driven by changing climates in different time periods of the 21 st century. This study evaluates the adaptability of prevailing Global Circulation Models . Results from the average of ten models projected that 7-day low flows in the watershed would increase by 19% in the 21 st century under both RCPs. This trend was also consistent for both hydrological (7Q10, 1Q10) and biological low flow statistics (4B3, 1B3). Similarly, average annual flow and monthly flows would also increase in future periods, especially in the summer. The flows simulated by SWAT in response to the majority of climate model projections showed a consistent increase in low flow patterns. However, the flow estimates using the Max-Planck-Institute Earth System Model (MPI-ESM-LR) climate output resulted in the biological based low flows (4B3, 1B3) decreasing by 22.5% and 33.4% under RCP 4.5 and 56.9% and 63.7% under RCP 8.5, respectively, in the future when compared to the baseline period. Regardless, the low flow ensemble from the 10 climate models for the 21 st century seemed to be slightly higher than that of historical low flows.
Introduction
 Stream water quality parameters like dissolved oxygen [1] , nutrient concentration and the quality of the aquatic habitat [2] are greatly affected by low-flow conditions. Moreover, stream low flows may have detrimental implications on water supply, power generation, navigation and waste load allocation [3] [4] [5] . Therefore, understanding of low-flow events and corresponding effects on river ecosystems are essential for effective and sustainable water resource management [6] . Many factors including soil infiltration, watershed hydraulics, topography, vegetation type, evapotranspiration rates and local climatic conditions have an influence on low flows regimes [7] . Likewise, anthropogenic activities may alter those factors and potentially influence the low-flow conditions in streams. Future climate change may lead to a more intensifying hydrological cycle processes [8] including an increased variation in precipitation [9] , change in evaporation rates [10] and earlier snowmelt.
The Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change [11] has estimated an increase in global average temperature based on different emission scenarios over the 21 st century. An increase in global temperature will enhance the rate of evapotranspiration and speed up water cycle [12] . As a result, an uneven distribution of moisture in the atmosphere would take place leading to heavy precipitation in one region and extreme drought in the other [13] .
Many studies have been conducted to comprehend streamflow variability due to climate change [14] [15] [16] [17] [18] [19] [20] [21] [22] . Global Circulation Models (GCMs) are powerful tools for climate simulation and impact assessment under different warming scenarios [23] . Several climate models have been developed based on a variety of numerical techniques and parameterizations. However, many systematic biases could be present across the set of models when compared against past and present-day climate conditions [24, 25] . These biases vary considerably from one model to another and generally limit the strengths and weaknesses of a simulation. Therefore, it is crucial to validate the applicability of those climate model outputs before applying them for regional hydrological impact analysis [26] . In addition, it is essential to use various GCMS to quantify projection uncertainty. Mixed results have been reported in the global literature regarding the impacts of climate change on low flows, with some studies reporting an increase in low flows [27] [28] [29] [30] [31] whereas other studies have predicted a decrease in low flows [32] [33] [34] [35] [36] [37] [38] . For example, Mozayyan et al. [39] conducted a climate change impact study on low flows in Iran based on the A2 [40] emission scenario and reported that minimum 7-day low flow with various return periods would be relatively higher compared to the baseline period in all subwatersheds. Similarly, Tian et al. [41] conducted modeling studies for the Xiangjiang River Basin China and reported the increase in seven-day low flows in the future with various return periods. Laaha et al. [42] conducted a climate change study in Central Austria, which represented the European continent, and reported consistent future increases in low flows for the watershed. Similarly, Mahmood et al. [33] conducted a study in Pakistan using the HADCM3 model under both the A2 and B2 [40] scenarios and reported that low flows would decrease in the future. Cervi et al. [34] reported that 7Q10 (seven days low flows with 10-year recurrence interval) would decrease by 25% in the future in the Italian Northern Apennines. Similarly, Kay et al. [43] conducted the climate change impact assessment across the Great Britain and reported that the low flows would decrease, especially in the later time period. Marx et al. [35] conducted a climate change impact study in Europe for future warming scenarios of 1.5°C, 2°C and 3°C and reported that low flows would decrease from 12% to 35% and this decreasing rate would be much higher under RCP8 [44, 45] due to projected decrease in precipitation. Likewise, Kreye et al. [36] reported a substantial decrease of low flow for the near and far future under the A1B emission scenario. Similarly, Stumbaugh [37] projected that future low-flows in Skagit River Basin Canada would decrease by 5%-20%. Dang et al. [38] conducted a study in central Vietnam using various GCMs and regional models and reported decreased low flows due to future climate change. In addition, several climate change studies have been conducted using the widely applied Soil and Water Assessment Tool (SWAT) ecohydrological model [46] in conjunction with climate model output for low flow prediction. For example, Zuo et al. [47] conducted a study using SWAT for the Wei River basin in China and reported that lows flow would be lower in the future. Babur et al. [48] conducted a study in Pakistan using SWAT under RCP 4.5 and 8.5 [44, 45] future climate scenarios and reported that low flows would increase in the future. Similarly, Mohammed et al. [49] conducted a study for the Brahmaputra River basin using several GCM outputs to drive SWAT and found that low flows (hydrological droughts) would be a serious concern for Bangladesh in future. Eisner et al. [50] conducted a study in a set of eleven representative large river basins across the world using nine regional hydrological models including SWAT and reported that low flows would decrease in the future. However, Xu et al. [51] conducted a study in China using SWAT and various GCM projections in conjunction with the A1B [40] scenario and reported an increase in low flows in the future. Similarly, Piniewski et al. [52] conducted a climate change study for the Odra basin in Europe using SWAT and reported an increase in low flows during the late 21 st century. Leta et al. [53] conducted a study using SWAT for selected Pacific Island watersheds and reported that future extreme low flows would increase by 60% compared to the baseline period. Overall, the current literature presents mixed results regarding the impact of climate change on future extreme low flows. The majority of low flow studies that has been conducted in the past are based on previously established GCMs, derived from simulation of climate models participating in phase three of the Coupled Model Inter-comparison Project (CMIP3) [37, 54] . In addition, an extensive analysis for stream low flow indices was not carried out using various climate models' outputs. Low-flow conditions in streams could be better understood considering recent climate models and emission scenarios [55] . Also, it has been reported that hydrologic simulations from phase 5 (CMIP5) inputs depict wetter conditions than simulations based on CMIP3 inputs [56] . Therefore, in this study, CMIP5 model outputs and updated greenhouse gas emission scenarios were used to assess the impacts of climate change on stream low flows in the Great Miami River watershed in southwestern part of Ohio. The Great Miami River watershed is a subbasin of Ohio River basin, which receives drainage from both the little and Great Miami Rivers (Figure 1 ). Since an appropriate hydrologic model is equally necessary to link climate change outputs and water yields (daily discharge) in the watershed [57] , SWAT was utilized for this analysis. Therefore, the specific objectives of this study are: i) to assess the impact of future climate change on low flows using SWAT model with CMIP5 model outputs; ii) to compute various hydrological and biological low flow indices at the outlet of the watershed and compare them between historical and future periods.
Materials and methods

Climate Projections
In recent years, climate projection data have been derived from the fifth phase of the CMIP5 [58] , which has incorporated new GCMs and have been widely used for climate change impact analysis [59] . These newly disseminated models have more comprehensive greenhouse-gas emission scenarios and have been downscaled to finer spatial resolution, 1/8° latitude-longitude or 12 km by 12 km [58] . The impact assessments using these models provide acceptable results compared to other methods [60] even though uncertainty in the models exists [61] .
Based on the greenhouse gas emissions including mitigation measures, atmospheric concentration of air pollutants and land use, four different Representative Concentration Pathways (RCPs), namely RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, were constructed to help researchers assess impacts of climate change [44, 45] . Among the four scenarios, RCP 2.6 is the most stringent mitigation scenario that aims to balance the global warming below 2°C above the pre-industrial temperature (before 1750). RCP 8.5 is a scenario with high greenhouse gas emissions that could be the result of no substantial efforts to limit emissions, whereas RCP 4.5 and RCP 6.0 are two intermediate scenarios [11] .
Study area
The Great Miami River watershed is located in the southwestern part of Ohio, USA (Figure 1) The distribution of land use in this watershed includes agriculture (70%), residential, commercial and industrial (18%), forests (11%), and water bodies and wetlands (1%) ( Table 1) . Major wastewater treatment facilities and industries are located along the downstream reaches of the Great Miami River (Figure 1) , thus compromising the water quality of the river during the dry periods. The Great Miami River has four major river sub-watersheds: Upper Great Miami, Mad River, Stillwater River, and Lower Great Miami River. Highly productive sand and gravel aquifers, known as buried valley aquifers, are the main features of the watershed. These aquifers are the primary source of groundwater for adjoining river channels. As a result, some of the rivers in the watershed are able to sustain flow even during periods of prolonged drought [62] .
SWAT model
The SWAT model consists of two parts: (1) land phase of the hydrological cycle, and (2) routing of runoff through the reaches. Land phase modeling is done by partitioning a river watershed into multiple sub-watersheds that are composed of one or several Hydrological Response Unites (HRUs); an area of relatively homogeneous land use/land cover, soil types, and slopes. Calculation of water balance is subsequently accomplished for additional HRUs within each sub-watershed. In SWAT, different sub-watershed outlets are connected by stream networks and routing phase determines the flow of water through the network [63] .
In SWAT, the water loss from the system can be computed through various methods including Penman-Monteith, Priestley-Taylor and the Hargreaves method [63] . In this study, Penman-Monteith method was selected, which utilized solar radiation, air temperature, relative humidity and wind speed to compute potential evapotranspiration.
The SWAT model uses either the Curve Number (CN) method or Green and Ampt infiltration method to calculate the total volume of runoff. While the CN method is lumped over time and used when precipitation data are provided in daily time steps [64] , the Green and Ampt method requires input data at a sub-daily time resolution [63] . In this study, CN method was selected, which utilized cumulative precipitation and CN for sub watershed derived from the unique combination of land use and hydrological soil group to compute runoff. In order to compute runoff, the model computes initial abstraction as 20% of potential retention, which is estimated based on CN. The streamflow simulation and routing is carried out on a daily scale. Finally, the surface runoff is converted into daily stream flow using the area of the watershed, unit peak discharge and pond or swamp adjustment factor. SWAT consists of a large number of parameters that describe various hydrological conditions and characteristics across the watershed. These parameters are necessary for calibration and validation to improve the model performance [63] .
SWAT model inputs
The data required for the SWAT modeling are Digital Elevation Model (DEM), land use, soil and climate data, as well as reservoir and point source information. A DEM contains all the information about watershed terrain and streams networks. A 30 m DEM resolution for the study area was obtained from the USGS National Elevation Dataset [65] . The DEM was utilized to delineate the watershed and create 144 sub-watersheds. Similarly, the most recently available land use dataset (2011), which has a spatial resolution of 30 m, was acquired from the National Land Cover Dataset [66] . The distribution of land use in the watershed is presented in Table 1 . State Soil Geographic (STATSGO) and Soil Survey Geographic (SSURGO) are the two most commonly used soil databases [67] . The STATSGO data was used in this study due
to relatively large size of the watershed and the extremely detailed characteristics of the SSURGO data.
As the hydrological processes are quantified in a small entity known as hydrologic response unit (HRU), the threshold values of 5%, 15% and 15% for land use, soil and slope respectively were used to create 2676 HRUs to improve computational efficiency of simulations.
Climate data including precipitation, temperature, solar radiation, wind speed and relative humidity are essential for hydrological modeling. The SWAT model requires either user-defined weather data or simulated data from an inbuilt weather generator [68] . In this study, historical weather datasets including precipitation, maximum and minimum temperature were downloaded from the National Climatic Data Center (NCDC) [69] .
Nineteen precipitation stations and 10 temperature stations with continuous daily records for 36 years (1980-2015) were available for the watershed (Figure 1) . However, the rest of the climate data were simulated utilizing the weather generator tool in the SWAT model. Since reservoirs and dams are used for water storage and flood control, three major reservoirs and five big dams were incorporated into the model during the watershed delineation process as shown in Figure 1 . Information and data regarding reservoirs and dams, obtained from Miami Conservancy District and the United States Army Corps of Engineers (USACE), are presented in Table 2 . In addition, 28 major point sources including industries and wastewater treatment facilities having effluent greater than 2273 m 3 /d were downloaded from the Environmental Protection Agency (OEPA) [70] and incorporated in the model structure (Figure 1 ).
Model setup, calibration, and validation
SWAT was set up and run from 1988 to 2015 in daily time steps using a 3-year warm up period (1985) (1986) (1987) . The model was calibrated by using observed streamflow for a 10-year period from 2005 to 2014 at nine USGS gage locations within the watershed (Figure 1 ). Both manual and automatic parameter optimization procedures were utilized in the model calibration to fine-tune the calibration parameters. The multi-site SWAT model calibration and sensitivity analysis were performed using the automated SWAT Calibration and Uncertainty Program (SWAT-CUP) [71] . In SWAT-CUP, a semi-automatic inverse modeling procedure algorithm, known as Sequential Uncertainty Fitting version 2 (SUFI-2) was selected to find the most favorable model parameters. Twenty different parameters, as shown in Table 3 , were selected based on a similar past study [72] . These model parameters were then independently validated by using observed streamflow data from 1995 to 2004 in the respective locations. observed and simulated flows, respectively and "n" is the total number of observations. NSE is commonly used to test the model performance whose values range from -∞ to 1. A model performance is generally accepted as good if the NSE value ranges between 0.5 and 1 [73] . The NSE is utilized in this study as the model performance evaluation because using only R 2 value could be misleading [74] .
The R 2 ranges from 0 to 1 where a value near 1 represents the strong relationship between observed and simulated output [75] .
PBIAS indicates whether the simulated data is larger or smaller than the observed data. Simulated data having a PBIAS value of 0 is considered perfectly harmonizing with observed data, while a positive or negative value represents the model underestimation or overestimation, respectively. Similarly, RSR is the ratio of the root mean square error (RMSE) and standard deviation of observed data [76] . An RSR of "0" is considered as the perfect simulated model.
Future climate scenarios
Precipitation and temperature data from ten climate models under RCP 4.5 and 8.5 emission scenarios were obtained from the downscaled CMIP5 phase 5 climate projection archives [77] . This archive contains high-resolution translations of climate projections based on different global climate projections from the Coupled Model Intercomparison Project for the contiguous United States. Climate projections available in the archive were developed by using the daily Bias Correction Constructed Analogs (BCCA) downscaled technique [78] . In this method, biases between the model simulated output and observed data from the historical period are removed by constructing a linear combination of selected days to produce an analogue, which closely resembles the GCM [79] . The data downloaded from this archive were still associated with bias; therefore, a quantile mapping method was used considering a Gamma distribution for precipitation and normal distribution for temperature to match the cumulative density function of observed and model-simulated data [80] .
Since we wanted to compare the simulated low flows of the 1988 to 2015 reference period with the future period, flow outputs from every model and each scenario were divided into three equal time intervals: near future (2016-2043), mid-century (2044-2071), and late century (2072-2099).
Low-Flow Statistics
Several methods have been developed to express the low-flow regime of a river. The frequency duration curve (FDC) is one of the most common methods to display the complete range of river discharge from low flows to flood events [7] . Other specific low flow indices used in the United States are hydrologically based low flows such as 7-day 10-year low-flow (7Q10) and 1-day 10-year low-flow (1Q10), which are defined as the lowest average flows that occur from seven consecutive days and for one day, respectively, with a recurrence interval of 10 years. The recurrence interval of consecutive day low-flow events was calculated by fitting the annual low-flow series to a log-Pearson Type III distribution (Riggs, 1972). Another method used to examine low flows is a biologically based design flow, which includes: (1) 1B3 (1-day, 3 years) for Criterion Maximum Concentration (CMC), and (2) 4B3 (4-day, 3-year) for Criterion Continuous Concentration (CCC). Additional details about the CMC and CCC are provided in previous studies [81, 82] . In this study, we used the DFLOW tool [83] to calculate hydrologically and biologically based low-flow indices by providing daily discharge simulated from ten climate models and observed records. Other low-flow indices used in this study were annual average 7-day low flows and 95 th percentile flow (Q95), which are generally used to assess the stream waste-load assimilative capacity [82] .
Results and discussion
SWAT model performance
The model performance was assessed based on daily and monthly flows at nine USGS gage stations. Average monthly-simulated vs observed flow during the calibration period (2005-2014) and validation period (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) at the outlet gauge station (USGS 327400) is graphically plotted in Figure 2 . The results of statistical indicators used to measure the performance of the model at 9 different gauge stations are given in Table 4 . The performance indicators NSE, R 2 , PBIAS, and RSR for monthly flows at the outlet were found to be 0.86, 0.89, 2.68%, and 0.38, respectively during the calibration period.
Similarly, the respective performance indicators were 0.83, 0.86, 0.82%, and 0.41 respectively during the validation period. The overall statistical results for the nine-gauge sites indicate that the SWAT simulated streamflows exceeded the suggested criteria for satisfactory hydrologic modeling results [73] . The simulated peak flows during calibration and validation period ( Figure 2) were underestimated by the model, which has been commonly reported in previous SWAT studies [84] . This may be due to the unequal distribution of meteorological stations within the watershed. For example, the precipitation input in SWAT could be different from the actual precipitation in the watershed due to spatial variability of the precipitation. Nevertheless, based on the performance indicators, the results of the calibrated model can be considered "good" and used for further analysis [73] .
Climate model evaluation
We considered 10 climate models, listed in Table 5 based on their performance to replicate the observed precipitation data in the past more accurately. A continuous precipitation dataset from 1980 to 2015 at Dayton International Airport station (00093815) was used to compare projected precipitation from 19 climate models with recorded precipitation for the same period. Even though the correlation of precipitation from all model output at the daily scale was relatively poor with observed records, the monthly scale model outputs exhibited a satisfactory correlation with observed precipitation. The top 10 models that performed well in terms of R 2 are presented in Table 6 . Furthermore, the projected precipitation from the 10 different climate models (Table 5) was also compared with the observed baseline precipitation and plotted in Figure 4 . During the observed period, the variability of precipitation in the first two quartiles was found to be in a very narrow range of 0 to 1.5 mm (Figure 4) , indicating less variability of rainfall during the observed period. Future precipitation from different models was projected to have a comparatively high variability in the range of 0 to 3.5 mm for each time span. Similarly, the median value of precipitation in the future from the model output was also found to be higher by approximately 0.6 mm compared to the observed condition, indicating more precipitation and wetter days can be expected in the future period. This is consistent with the previous research conducted in western Lake Erie Basin of Ohio [85] , which reported an increase in annual rainfall in future.
Since the poor performance of downscaled CMIP5 precipitation from the 10 models at the daily scale was clearly visible, an additional bias correction of the precipitation data from the selected climate models was carried out prior to further analysis ( Figure 5 ) to narrow down the distribution of future precipitation.
Climate change impact on streamflow
It is important to note that SWAT was set up for an equal number of 28 years and used 3 years of warm-up period in each simulation for a consistent comparison between the 10 GCMs and RCP scenarios. Additionally, the model performance indicators suggested that the model was able to follow the trend of the observed streamflow with reasonable accuracy in the watershed. The low flow parameters including the SWAT-predicted 7-day low flows are directly linked with daily streamflow. Figure 6 shows the average annual flow in the Great Miami River from the ensemble of 10 climate models for RCP 4.5 and RCP 8.5. The average annual flow under RCP 4.5 was estimated to increase by 25% in 2016-2043, followed by a 3.8% increase in 2044-2071 and 0.3% increase in 2072-2099, compared to the baseline. On the other hand, under the RCP 8.5 scenario, the average annual flow was projected to increase by 27.5% in the first period (2016-2043) followed by a 3.8% increase in mid (2044-2071) with successive increase (6.6%) in the late period of 21 st century.
It was not surprising that the projected increase in streamflow was higher under RCP 8.5 compared to RCP 4.5 as it corresponds to the pathway with the highest greenhouse gas emissions. The previous study conducted in this region also suggests an increasing pattern of low flows in this region (Ohio) [86] .
Similarly, outputs from 10 climate models were analyzed for average monthly flow in the watershed as shown in Figure 7 . The 
Impacts on low flows
The consecutive seven-day low flow periods simulated from the ensemble of 10 climate models under the two RCP scenarios are summarized using box plots in Figure 8 . The results demonstrated that the interquartile range of 7-day low-flows for future years would be smaller than that of past years; however, the median and averages values were found to be increasing in each period. The median 7-day low-flow simulated by the SWAT model for 1988-2015 was found to be 24 m 3 /s, which would increase by 16% in 2016-2043, 29% in 2044-2071 and 25% in 2072-2099 under RCP 4.5. Similarly, the median 7-day low-flow value would increase by 16% in the first century and 25% in the mid and late century under RCP 8.5. Figure 8 Box plots of annual 7-day low flows from ensemble of 10 climate models
The 7-day low flow simulated by SWAT for each climate model input is presented in Figure 9 . Some of the individual models showed an increase in the interquartile range of 7-day low flows during the future periods. As a result, the trends for interquartile and median values within the three periods were not consistent across all GCMs and RCP combinations that were simulated in SWAT. Figure 10 shows the estimated flow duration curves for the 7-day low flow periods, based on the simulated low flows predicted by SWAT in response to the ensemble of 10 climate models and respective RCP scenarios. The flow duration curves reveal that the 95th percentile low flows (Q95) (i.e., equaled or exceeded 95% of the time) for the 28-year simulation period was found to be increasing by 3.9% and 6.8% in response to RCP 4.5 and RCP 8.5, respectively. Figure 12 . The main reason for future increased flows was due to the increased projected precipitation, which is a main driving input for the streamflow. While the simulated 7Q10 and 1Q10 values using SWAT were predicted to decrease in the late century, these values were still higher compared to the baseline period .
The biologically based design flows, 4B3 and 1B3, were also calculated based on SWAT simulated flows and are presented in Figures 13 and 14 , respectively. The 4B3 and 1B3 flows driven by the ensemble of 10 climate model outputs followed similar trends that were predicted for the 7Q10 and 1Q10 flows, especially in 2016-2043. In 2016-2043 (Figures 13a and 13b) , the 4B3 was predicted to increase by 26%, followed by a decrease of 3% in 2044-2071 and an increase of 11% in 2072-2099. Similarly, the 4B3 values were predicted to increase in 2016-2043 (32%), followed by a decrease for 2044-2071 (4.7%) and then an increase by 2.4% in 2072-2099, in response to RCP 8.5 ( Figure 13 ). The estimated 1B3 flows also followed similar trends relative to the simulated 4B3 flows during the first two periods of the simulation (Figure 14b) . However, the 4B3 flows were predicted to decrease under RCP 8. The MPI-ESM-LR model behaved quite differently relative to rest of the climate models that are included in the overall ensemble (Figures 11-14) . The SWAT predicted streamflow in response to the MPI-ESM-LR projections showed substantial decreases in low flows for all four indices (7Q10 (37%), 1Q10 (38.6%), 4B3 (39.73%), and 1B3 (48.5%)) when compared with the baseline. The estimated average annual 1B3 flow in response to RCP 8. As the rainfall pattern is expected to increase in the future as indicated in previous literature for this region [85, 87] , the increased low flows, suggested by this research, will be beneficial for the low flow management in the region. The western corn-belt region of USA relies both on irrigation and rainfed systems, whereas the eastern corn-belt region predominately relies on rain-fed systems [88] .
However, if this pattern of increased low-flow holds true for the other regions, this might have additional benefit for cropping systems since there is a possibility of more water being available for irrigation during the dry season. This could be very beneficial for regions like the western United States where irrigation is a common practice.
Conclusions
Projected climate change has the potential to impact the hydrologic cycle in many regions across the globe and affect water resources. Therefore, this study was aimed at investigating the impacts of climate change, especially in terms of low flow regimes in the Great Miami River Watershed, Ohio. In this regard, we set up a hydrological model (SWAT) to generate daily streamflow from the watershed. To estimate future low flows in the watershed, SWAT was run with 10 recently published CMIP5 climate models under two scenarios RCP 4.5 and RCP 8. . An increasing number of industries and treatment facilities along the river also demand plenty of water in the discharging waterbodies to maintain the integrity of the aquatic ecosystem. Seemingly, an increase in low flows, projected from both scenarios in the waterbodies could enhance the assimilating capacity of the stream but there are other factors such as water temperature, available dissolved oxygen, and characteristics of waste and microorganisms, which could affect the stream assimilative power. Therefore, further research regarding these other factors must be conducted to ensure that water quality goals and biological integrity are maintained in the streams. Although analysis of future climate change with the help of climate models had many limitations, this study, to some extent, can extend our understanding of the climate models and potential impacts associated with climate change in the watershed.
As previous studies reported mixed results about the impact of climate change on low flows, we utilized 10 climate models and two scenarios to evaluate the low flows in the 21 st century. The majority of the climate models projected an increase in low flows in the 21st century, which will have a beneficial effect on the environmental flow and aquatic ecosystem in the watershed and other watersheds in the region. More importantly, increased precipitation and low flows will be beneficial for regions managed with both irrigation and rainfed systems such as the western Corn Belt region and also for areas relying primarily on rainfed systems such as the eastern Corn Belt region. While the CMIP5 data products are widely used for impact analysis of global climate change, the uncertainty associated with future climate predictions are inevitable. Despite acceptable outputs in terms of average values such as monthly and annual flows, the uncertainty increases when estimating extreme flow events such as the low-flow periods reported here. A given GCM needs to be adequately validated for the region where it is being implemented to support water resource management and policy-making. Therefore, further analyses are necessary to develop a better understanding of projected future climate changes for the southwestern Ohio region.
